Introduction
This paper presents evidence from a large-scale natural …eld experiment designed to shed light on the e¢cacy of alternative fundraising schemes. We present reduced form evidence on the role of lead gifts, linear and non-linear matching schemes in inducing individuals to give to a charitable cause. We then develop and estimate a structural model of giving that is identi…ed from the experimental variation across treatments, to inform the optimal design of fundraising schemes.
The analysis provides new insights on individual giving behavior and shows how some standard practices among fundraisers can be improved upon. . We build on this literature by enlarging the set of fundraising schemes to encompass both commonly observed and novel schemes, and to compare them within the same setting. Our design provides external validity to aspects of giving behavior that have been previously documented, allows us to provide new evidence on other dimensions of giving behavior, and sheds light on the optimal design of fundraising schemes.
Methodologically, we provide both reduced form and structural form evidence from the natural …eld experiment on the causal impact of each fundraising scheme on: (i) the extensive margin of giving, namely, whether an individual donates some positive amount; (ii) the intensive margin of giving, namely, the amount donated. We develop a structural model of giving behavior that simultaneously estimates individual responses on the extensive and intensive margins. The structural model exploits the experimental variation to identify the underlying set of preference parameters consistent with behavior across the fundraising schemes. At a …nal stage we utilize the model to predict giving behavior under a series of counterfactual fundraising schemes, to make progress on understanding the optimal design of fundraising schemes. 2 In conjunction with the Bavarian State Opera in Munich, in June 2006, we mailed 25,000 opera attendees a letter describing a charitable fundraising project organized by the opera house. Our experiment allows us to implement various fundraising schemes in a natural and straightforward way, holding everything else constant. Individuals were randomly assigned to one of six treatments designed to explore behavioral responses to-(i) the presence of a substantial lead donor, which might, for example, act as a signal of project quality [Vesterlund 2003 , Andreoni 2006b ]; (ii) linear matching schemes where contributions were matched at either 50% or 100%, analogous to considerable reductions in the relative price of charitable giving vis-à-vis own consumption; (iii) non-linear matching schemes, where contributions above a …xed threshold would be matched at 1 Andreoni [2006a] presents evidence from the US that in 1995, 70% of households made some charitable donation with an average donation of over $1000, or 2.2% of household income. List and Price [2012] provide evidence that in 2003, $241billion was given in the US, corresponding to 2% of GDP, 75% of which stemmed from individuals. 2 With the exception of DellaVigna et al. [2011] who study whether altruism and social pressure explain giving behavior, there are few papers in the economics of charitable giving that combine …eld experimental with structural estimation of preference parameters. a given rate; (iv) …xed gift matching schemes, in which any positive donation would be matched by a …xed amount. The design of the experiment allows us to compare behavior under commonly observed fundraising schemes that involve a lead donor or linear match rates, to less commonly observed schemes involving non-linear or …xed gift matching.
In earlier work, Huck and Rasul [2011] , we have presented reduced form results from this experiment on the e¢cacy of schemes in which a lead donor is announced relative to a control group in which no such announcement is made, and the e¢cacy of linear matching schemes versus the lead donor scheme. We found individuals to be highly responsive to the announcement of a lead donor: relative to a control group in which no information on lead gifts is provided, donations given nearly double, but with no change in overall response rates. In terms of linear matching schemes, we previously found that as the charitable good becomes cheaper vis-à-vis own consumption, individuals demand more of it in terms of donations received including the match, but spend less on it themselves in terms of donations given prior to the match. In other words, linear matching leads to partial crowding out of the donations actually given. Hence from the fundraiser's perspective, the fundraiser is better o¤ announcing the lead donation rather than using it to linearly match the donations of others. In that earlier work we used these linear match treatments to focus on estimating price and income elasticities of giving and compare them to other estimates in the literature derived from experimental and non-experimental data.
The key contributions of the present paper over our earlier work and existing literature are threefold. First, our analysis considers a richer set of fundraising schemes that encompasses novel non-linear and …xed gift matching. By considering a richer set of schemes that involved non-linear matching, we can probe far further whether a standard neoclassical model of behavior can match all the observed data or whether additional non-standard features are required to potentially explain the documented evidence. Second, we develop and estimate a structural model of charitable giving that is identi…ed from the variation induced in the natural …eld experiment. Third, we use our preferred structural model of giving behavior to explore the e¤ectiveness of alternative charitable fundraising schemes to shed light on the optimal fundraising scheme.
On the structural model, we assume a parametric random quasi-linear form for preferences de…ned over consumption and the donation received by the charitable organization: this utility function implies individuals have warm glow preferences [Andreoni 2006a ], or purely egoistic preferences in the original terminology of Andreoni [1990] . In this baseline model, individuals are heterogeneous with respect to their valuation of the lead donation received (so that preference parameters can depend on individual characteristics), and we allow for the possibility that the presence of the lead donor alters the marginal bene…t from donating. This parsimonious speci…cation provides an empirically tractable framework in which we can simultaneously estimate behavior on the extensive and intensive margins of giving.
To better exploit speci…c features of our empirical setting, we then extend the baseline model to allow for features including: (i) individuals restricting their donation choice to some discrete set; (ii) some fraction of individuals exhibiting what we term 'pure warm glow' preferences, so that they derive utility from the value of their donation given, regardless of how this is matched, as well as their own private consumption; (iii) focal point in ‡uences, so that some subset of donation amounts might be particularly attractive for some individuals.
Our preferred structural model closely matches the empirically observed response rates across all six treatments: the control group, the lead donor treatment, and the four treatments where the lead donation is matched using a linear or non-linear scheme. Furthermore, in all but the …xed gift matching treatment, we are able to match not only mean donations given, but also do a good job in …tting the entire distribution of donations. In short, a relatively parsimonious model that simultaneously allows for focal point in ‡uences and some individuals to exhibit pure warm glow preferences can explain individual behavior on the majority of margins considered. The structural estimates reveal that: (i) consistent with the reduced form evidence, characteristics indicating a¢nity to the opera house increase the mean value of donations; (ii) around one-third of individuals are best characterized as having pure warm glow preferences; (iii) individuals place particular prominence on donation amounts of 50 and 100.
On the counterfactual exercises, we could in principle consider almost any matching scheme. However we focus attention to parametric forms that are combinations of the linear and non-linear schemes implemented in the experiment. These are realistic extensions of commonly observed fundraising schemes. Amongst this set, the counterfactual exercises reveal the optimal fundraising scheme is one in which the charitable organization merely announces the existence of a signi…cant and anonymous lead donor, and does not use the lead donation to match donations in any way, be it through linear matching, non-linear matching, threshold matching, or some combination of the three. If however lead donors insist their gifts must be matched in some way, our counterfactual exercise shows the fundraiser is best o¤ using a non-convex matching scheme, that would be an innovation for many fundraisers.
Taken together, our analysis provides a rich set of results that shed new light on individual giving behavior and the optimal design of fundraising schemes, and provide avenues for future research on the role of lead donors in charitable giving. Our main natural …eld experiment was primarily designed to shed light on the e¢cacy of alternative fundraising schemes, not to pin down why lead gifts might be so e¤ective. As a …rst step in this direction, we conclude by providing evidence from a follow-up natural …eld experiment designed to probe further the question of why lead donors are so e¤ective in inducing others to give. This examines how responses to lead donors varies according to their monetary value and anonymity of the lead gift.
The paper is organized as follows. Section 2 describes the natural …eld experiment, and presents a conceptual framework in which to understand behavior across the treatments. Section 3 provides reduced form evidence on responses on the extensive and intensive margins of charitable giving in each treatment. Section 4 develops and estimates a structural model of individual behavior, and conducts a counterfactual exercise to shed light on the optimal fundraising scheme. Section 5 concludes with evidence from the follow-up experiment. The Appendix provides additional results and details on the precise format and wording of the mail out.
2 The Natural Field Experiment
Design
In June 2006 the Bavarian State Opera organized a mail out of letters to 25,000 individuals designed to elicit donations for a social youth project the opera was engaged in, "Stück für Stück". These individuals were randomly selected from the opera's database of customers who had purchased at least one ticket to attend the opera house in the year prior to the mail out. The project's bene…ciaries are children from disadvantaged families whose parents are unlikely to be among the recipients of the mail out, thus making the campaign similar to fundraising drives by aid charities. 3 Individuals were randomly assigned to one of six treatments. Treatments varied in two dimensions-whether information was conveyed about the existence of an anonymous lead donor, and how individual donations would be matched by the anonymous lead donor. The mail out letters were identical in all treatments with the exception of one paragraph. The precise format and wording of the mail out is provided in the Appendix. 4 The control treatment, denoted T1, was such that recipients were provided no information about the existence of a lead donor, and o¤ered no commitment to match individual donations.
The wording of the key paragraph in the letter read as follows, T1 (Control): This is why I would be glad if you were to support the project with your donation.
This paragraph is manipulated in the other treatments. In the second treatment, denoted T2, recipients were informed that the project had already garnered a lead gift of 60,000. The corresponding paragraph read as follows, T2 (Lead Donor): A generous donor who prefers not to be named has already been enlisted. He will support "Stück für Stück" with 60,000. Unfortunately, this is not enough to fund the project completely which is why I would be glad if you were to support the project with your donation.
The control and lead donor treatments di¤er only in that in the latter recipients are informed of the presence of a lead donor. There is no o¤er to match donations in any way in either treatmenta donation of one Euro corresponds to one Euro being received for the project. A comparison of individual behaviors over the two treatments sheds light on whether and how individuals respond to the existence of such lead donors. The literature suggests lead donors might alter the marginal utility of giving of others through a variety of channels, such as lead gifts serving as a signal about the quality of the fundraising project [Vesterlund 2003 ], snob appeal e¤ects [Romano and Yildirim 3 The project …nances small workshops and events for schoolchildren with disabilities or from disadvantaged areas. These serve as a playful introduction to the world of music and opera. It is part of the Bavarian State Opera's mission to preserve the operatic art form for future generations and the project is therefore a key activity. The research design is a natural …eld experiment because it occurs in an environment where individuals are naturally asked to provide charitable donations, and mail out recipients do not know they are taking part in an experiment [Harrison and List 2004] . 4 All letters were designed and formatted by the Bavarian State Opera's sta¤, and addressed to the individual as recorded in the database of attendees. Each recipient was sent a cover letter describing the project, in which one paragraph was randomly varied in each treatment. On the second sheet of the mail out further details on the "Stück für Stück" project were provided. Letters were signed by the General Director of the opera house, Sir Peter Jonas, and were mailed on the same day-Monday 19th June 2006.
5 2001], or in the presence of increasing returns, such lead gifts eliminate an equilibrium in which all donations are zero [Andreoni 1998 ]. 5 As our experiment is not designed to disentangle these explanations, when we later develop our model of giving we assume the knowledge of a signi…cant lead gift alters the marginal utility of giving, that captures these channels in a general way. The next two treatments provided recipients with the same information on the presence of a lead donor, but introduced linear matching, as is commonly observed in fundraising drives. The …rst of these treatments, denoted T3, informed recipients that each donation would be matched at a rate of 50%, so that giving one Euro would correspond to the opera receiving 1.50 for the project. The corresponding paragraph in the mail out letter then read as follows, T3 (50% Matching): A generous donor who prefers not to be named has already been enlisted. He will support "Stück für Stück" with up to 60,000 by donating, for each Euro that we receive within the next four weeks, another 50 Euro cent. In light of this unique opportunity I would be glad if you were to support the project with your donation.
The next treatment, denoted T4, was identical to T3 except the match rate was set at 100%, so the corresponding paragraph in the mail out letter read as follows, 6 T4 (100% Matching): A generous donor who prefers not to be named has already been enlisted.
He will support "Stück für Stück" with up to 60,000 by donating, for each donation that we receive within the next four weeks, the same amount himself. In light of this unique opportunity I would be glad if you were to support the project with your donation.
The …nal two treatments introduced more novel fundraising schemes, neither of which have been previously studied in Huck and Rasul [2011] . The …fth treatment presented recipients with a non-linear, non-convex matching scheme. The letter o¤ered a match rate of 100% conditional on the donation given being above a …xed threshold-50. Below this threshold the match rate was zero. This was explained in the mail out letter as follows, T5 (Non-linear Matching): A generous donor who prefers not to be named has already been enlisted. He will support "Stück für Stück" with up to 60,000 by donating, for each donation above 50 that we receive within the next four weeks, the same amount himself. In light of this unique opportunity I would be glad if you were to support the project with your donation.
Beyond allowing a comparison between common and novel fundraising schemes, this treatment allows us to study the role of interior corner solutions as recipients who would otherwise have given a positive amount below 50 in treatment T4 might …nd it optimal to give precisely 50. Moreover, the non-convexity might introduce a focal point for donations at 50. If such focal points in ‡uence behavior, then recipients who would have otherwise given at least 50 under 5 Andreoni [2006b] highlights the problem that lead donors have incentives to overstate the quality of the project. Since such deception cannot arise in equilibrium it follows that lead gifts need to be extraordinarily large to be credible signals of quality. In our study the lead gift is hundreds of times larger than the average donation. 6 We note that the wording of T3 and T4 di¤er also in how they refer to the monetary contribution of the lead donor: T3 states the lead donor provides "another 50 Euro cent" while T4 states that the lead donor provides the "same amount himself." Hence a comparison between these treatments picks up a change in the relative price of giving plus any subtle changes induced by how such wording might be interpreted by donors. 6 treatment T4, might be induced to reduce their donation given towards 50 under T5. The structural estimates presented later account for such focal point in ‡uences on behavior. 7 The …nal treatment o¤ered recipients a …xed positive match of 20 for any positive donation. This corresponds to a parallel shift out of the budget line and we refer to this as the '…xed gift' treatment. It was explained in the mail out letter as follows, T6 (Fixed Gift Matching): A generous donor who prefers not to be named has already been enlisted. He will support "Stück für Stück" with up to 60,000 by donating, for each donation that we receive within the next four weeks regardless of the donation amount, another 20. In light of this unique opportunity I would be glad if you were to support the project with your donation.
As small donations have enormous leverage, this treatment allows us to bound the share of recipients who do not value the project and would be unlikely to contribute in the presence of small transactions costs of doing so.
Four points are worth bearing in mind regarding the experiment. First, a key distinction between our experimental design and that of Karlan and List [2007] is that they do not have a treatment that isolates the pure impact of a lead donor in the absence of any linear matching.
This is precisely what our lead donor treatment T2 captures. Rather they compare their matching treatments with the equivalent of our control treatment T1 where there is no lead gift. Our design allows us to decompose the e¤ect of matching into an impact coming from the presence of the lead donor, and the pure price e¤ects of matching donations. However, we also reiterate that this natural …eld experiment was primarily designed to shed light on the e¢cacy of alternative fundraising schemes, not to pin down why lead gifts might be e¤ective. In the concluding section we therefore discuss a follow-up natural …eld experiment that was designed to probe further the question of why lead donors are so e¤ective in inducing others to give. This examines how responses to lead donors varies according to their monetary value and anonymity of the lead gift. Second, the opera had no explicit fundraising target in mind, nor was any such target discussed in the mail out. This is key to interpreting behavior when comparing the control and lead donor treatments. For example, by announcing a lead donor that had committed to providing 60,000 in treatment T2, recipients may feel their individual donation is less needed. However, the mail out makes clear that the money raised for the project is not used to …nance one large event but rather a series of several smaller events. Hence the project is of a linearly expandable nature such that recipients likely interpret that their marginal contributions will make a di¤erence.
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Third, in treatments T3 to T6, recipients were told the matching schemes would be in place 7 Briers et al. [2007] suggest such conditional gifts provide a reference point for expected donation levels. While these non-linear treatments are novel in the charitable fundraising literature, they are more commonly observed in savings plans [Madrian 2012 ]. 8 The e¤ects of such seed money are in general ambiguous and depend on whether individuals believe the project is far from, or close to, its designated target, and whether these beliefs encourage or discourage donations LuckingReiley and List [2002] demonstrate that, as seed money brings donors closer to an explicit target, donations rise on both, the extensive and intensive margins. A similar …nding is also reported in Rondeau and List [2008] . 9 Although we cannot rule out with certainty that donors perceive there to be an implicit target, we note that if recipients have the same belief that others had donated to such an extent that the 60,000 of the lead donor was already exhausted and so the match scheme would no longer be in place, there should be no di¤erence in behaviors across treatments T2 to T6. This hypothesis is rejected by the data.
for four weeks after receipt of the mail out. The deadline was not binding: over 97% of donations were received during this time frame and the median donor gave within a week of the mail out. Moreover, we …nd no evidence of di¤erential e¤ects on the time for donations to be received between any treatment and the control treatment, in which no such deadline was announced. 10 Finally, recipients are told the truth-the lead gift was actually provided and each matching scheme was implemented (so that in the matching schemes, the lead donor only contributed to match the donations of others). The value of matches was capped at 60,000 which ensured subjects were told the truth even if the campaign was more successful than anticipated and, crucially, this holds the commitment of the lead donor constant across treatments.
Conceptual Framework
We present a simple framework in which to think through the individual utility maximization problem under each treatment. This makes precise what can be inferred from a comparison of behavior across treatments in the reduced form estimates presented in Section 3. This framework is then taken to the data using structural estimation methods in Section 4. Following standard consumer theory, we assume individual preferences are de…ned over private consumption, , and the donation received by the project,   . The individual utility maximization problem is,
where the …rst constraint ensures consumption can be no greater than income net of any donation given,  ¡   ; the second constraint requires consumption and donations given to be non-negative;
and the third constraint denotes the matching scheme that translates donations given into those received by the opera house in treatment  . Under linear matching treatments for example,   =   . This utility function captures the notion that potential donors care about their own consumption and the marginal bene…t their donation provides. Given the linearly expandable nature of the project, this marginal bene…t relates to   .
11 Figure 1 graphs the budget sets induced by the six treatments in ( ¡      )-space. In the control treatment (T1) the budget line has vertical intercept  and a slope of minus one as for each Euro given by an individual, the project receives one Euro (  =   ). The budget set is identical under the lead donor treatment (T2) as there is no matching and so the relative price of donations received is unchanged. However, if for example, individuals infer the project is of high quality due to the existence of a lead donor, the marginal bene…t of giving may be altered and so 10 As recipients were drawn from the database of opera attendees, recipients might know each other. Having knowledge of whether another opera attendee had received the mail out, and the form of the letter they received, may in principle change behavior if there are peer e¤ects in charitable giving. We expect such e¤ects to be qualitatively small and, indeed, the opera house received no telephone queries regarding treatment di¤erences. 11 Following the terminology of Andreoni [1990] , individuals are thus assumed to have purely egoistic preferences, where they do not care about the total amount raised for the charitable cause. If the total amount raised enters the utility function (and so individuals are impure altruists in the terminology of Andreoni [1990] ), and is concave in this argument, then individuals should give less if they know there is already a large donation relative to the control group absent such a lead donation. This would be inconsistent with our …ndings. a¤ect behavior on both the extensive and intensive margins. We empirically estimate whether the impact is to increase or decrease donations.
In all remaining treatments individuals are, as in T2, aware of the existence of a lead donor.
Hence, in order to isolate the e¤ect of variations in the budget set on behavior, the relevant comparison group throughout is the lead donor treatment T2. The linear matching schemes in treatments T3 and T4 vary the price of donations relative to own consumption so that with the 50% match rate in T3,  = 15, and with the 100% match rate in T4,  = 2. In both cases the budget set pivots out with the same vertical intercept. As Huck and Rasul [2011] show, comparing treatments T2, T3 and T4 provides estimates of the own price elasticity of charitable donations received as the match rate varies. The structural estimates allow for individuals to have heterogeneous preferences-and hence di¤er in their price elasticities of giving. 12 An alternative framework would be what we term the 'pure warm glow' model, a special case of the preferences described in Andreoni [1990 Andreoni [ , 2006a . This implies donors care only about their own consumption ( ¡   ) and their donation given (  ) but not about the value of the match, (  ¡   ). In this special case the budget sets would be materially identical for donors.
However, as documented later, the data rejects the hypothesis that on average donors behave according to this hypothesis. In the structural estimation we consider a scenario where some fraction of individuals have pure warm glow preferences, and estimate this fraction along with other preference parameters.
The non-linear matching scheme in treatment T5 causes recipients to face a non-convex budget constraint that partly overlaps with those in T2 and T4. This treatment introduces kinks into the budget line, and so can lead to an interior corner solution in the individual optimization problem. This raises the possibility of donations given being crowded in by such schemes. Moreover, the non-convexity might introduce a focal point for donations at 50. The structural estimation accounts for such focal point in ‡uences on behavior.
For each budget set considered, individuals may optimally locate at an exterior corner. Note however that every individual with preferences satisfying
 0 should make a small positive donation in the …xed gift scheme T6. This treatment should then have the highest response rates, and allows us to bound the share of recipients for whom
· 0 and so are unlikely to contribute to the project in the presence of small transactions costs of doing so. The structural model simultaneously estimates behavior along the extensive and intensive margins of giving.
3 Descriptive Evidence
Sample Characteristics and Treatment Assignment
Individuals that purchase a ticket are automatically placed on the opera house's database. The original mail out was sent to 25,000 individuals on the database. We remove non-German residents, corporate donors, formally titled donors, and recipients to whom we cannot assign a gendertypically couples. The working sample is then based on 22,512 individuals.
Individuals were randomly assigned to one of six treatments. Table 1 tests whether individuals di¤er across treatments in the individual characteristics obtained from the opera's database. Table   1 reports the -values on the null hypothesis that the mean characteristics of individuals in the treatment group are the same as in the control group T1. There are almost no signi…cant di¤erences along any dimension between recipients in each treatment.
Columns 1 and 2 show that there is an almost equal split of recipients across treatments, and that close to 47% of all recipients are female. Columns 3 to 7 provide information on individuals' opera-related expenditures. This is measured by the number of tickets the individual has ordered in the twelve months prior to the mail out, the number of separate ticket orders that were placed over the same period, the average price paid per ticket, and the total amount spent. Individuals in the sample typically purchase around six tickets in the year prior to the mail out in two separate orders. The average price per ticket is around 86 with the annual total spent on attendance averaging over 400. We use information on the zip code of residence of individuals to identify that around 41% of recipients reside within Munich (Column 7), where the opera house is located.
We note that the majority of individuals have attended the opera in the six months prior to the mail out (Column 8). 13 The number of tickets bought, the number of orders placed, and whether or not a person lives in Munich, can proxy an individual's a¢nity to the opera. This may in turn relate to how they trade-o¤ utility from consumption for utility from donations received by the opera for the "Stück für Stück" project. We later exploit this information in the structural model by allowing underlying preference parameters to vary with these observables.
Finally, we recognize that recipients are not representative of the population-they attend the opera more frequently than the average citizen and are likely to have higher disposable incomes. Our analysis sheds light on how such selected individuals donate towards a project that is being directly promoted by the opera house. To the extent that other organizations also target charitable projects towards those with high a¢nity to the organization as well as those who are likely to have high income, the results have external validity in other settings. 14 Moreover, while the non-representativeness of the sample may imply the observed levels of response or donations likely overstate the response among the general population, we focus attention on di¤erences in behavior across treatments that purge the analysis of the common characteristics of sample individuals. 15 Table 2 provides descriptive evidence on the extensive and intensive margins of giving, by treatment. For each statistic we report its mean, its standard error in parentheses, and whether it is signi…cantly di¤erent from that in the control and lead donor treatments, T1 and T2 respectively. Figure 1 provides a graphical representation of the outcomes of each treatment. Column 1 of Table  2 shows that among the full sample of 25,000 original recipients, more than 120,000 was donated, and triggering matches that fully exhausting the 60,000 of the lead donor. In our working sample of 22,512 individual recipients, from a total of 922 donors, 85,900 was donated overall, which, as Column 2 shows, corresponds to 127,039 actually raised for the project (including the value of matches), with a mean donation given of 93.2. 
Reduced Form Evidence

The Extensive Margin
Column 3 shows that response rates vary from 3.5% to 4.7% across treatments, which are almost double those in comparable large-scale natural …eld experiments on charitable giving [Eckel and Grossman 2006, Karlan and List 2007]. 17 However, despite there being large variations in the budget sets individuals face in treatments T1 to T5, there are no statistically signi…cant di¤erences in response rates. Neither the presence of a lead donor nor changes in price signi…cantly a¤ect behavior along the extensive margin. However, as with many studies of charitable giving, given low responses rates (despite the original mail out being sent to over 22,000 individuals with high a¢nity to the charitable organization), we are only powered to detect relatively large di¤erences in these response rates across treatments. In consequence, some of the estimated response rates had wide con…dence intervals so that, in proportionate terms, large impacts on this margin cannot be ruled out. For example, although as Column 3 shows, response rates to the two matching treatments T3 and T4 are not statistically di¤erent from that in T2, the percentage increases are substantial, being 20% higher (and the percentage increases on the extensive margin are even higher for T5 and T6 relative to T2). Moreover, if we pool the linear matching treatments together to increase power, then we can detect a statistically signi…cant di¤erence in response rates relates to the lead donor treatment T2 at the 10% signi…cance level.
Treatment T6-that introduces a …xed gift and causes a parallel shift out of the budget set for any positive donation-is the treatment that should induce the largest change in the number of donors relative to the control group. The data supports this-the response rate is signi…cantly higher in T6 relative to the other treatments. However, the fact that the response rate in T6 is 4.7% highlights that even among this targeted population, 95% of individuals cannot be induced to donate. These individuals either do not value the project at all or must face transactions costs that are su¢ciently high to o¤set the marginal utility they would obtain from giving to this particular cause, and so optimally locate at the corner solution given by the vertical intercept in Figure 1 . 18 
The Intensive Margin
The remainder of Table 2 focuses on the intensive margin of giving: Column 4 shows the average amount given in each charitable fundraising scheme, including zeroes among non-donors, while the remaining Columns focus on statistics among donors. We now brie ‡y describe these reduced form …ndings for the most relevant comparisons of charitable fundraising schemes.
To begin with, we compare responses to the lead donor treatment relative to the control treatment. Column 5 shows that in the control treatment T1, the average donation given is 74.3. In the lead donor treatment T2, this rises signi…cantly to 132. The near doubling of donations given can only be a response to the presence of a lead donor-the relative price of donations received by the opera house vis-à-vis own consumption is unchanged. The result is not driven by outliers-Column 6 shows the median donation is also signi…cantly higher in T2 than in T1. In short, the lead donor impacts only the intensive margin of giving.
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A priori, it could certainly have been the case that the lead donor increased the number of donors, as suggested by theories of why lead donors might matter [Andreoni 1998, Romano and Yildirim 2001, Vesterlund 2003 ]. One explanation for this not occurring is that marginal donors are less a¤ected by the lead donor than are individuals who would be in the right tail of the distribution of donations even in the absence of the lead donor. As a consequence, the lead donor treatment may have quantitatively larger e¤ects on the intensive rather than extensive margins of giving. To provide direct evidence on this, we use quantile regressions to characterize changes 18 Huck and Rasul [2010] present evidence from a …eld experiment in this setting designed to explore whether transactions costs exist, what form they take, and present a method to infer the proportion of recipients a¤ected by them. They show that absent any transactions costs, 6-7% of individuals would likely donate to this fundraising drive, almost double the actual observed response rates in T1-T5. 19 Potters et al [2007] examine the role of lead contributions in a laboratory setting. They …nd support for the signaling hypothesis as modeled by Andreoni [2006b] . Karlan and List [2007] also provide …eld evidence of such signaling e¤ects-they …nd the announcement of the availability of a match from a lead donor, but no speci…c information on the total value available for matching, increases responses on both extensive and intensive margins of charitable giving. Providing recipients with additional information on the value available for matching-ranging from $25,000 to $100,000-however had little additional e¤ect. List and Lucking-Reiley [2002] study the role of seed money on charitable giving but in their research design, seed money serves both as a signal of quality, and also reduces the amount that needs to be collected as the project is of a discrete nature and has a …xed fundraising target. Their design estimates the combined e¤ects of quality signals and the e¤ects of reducing the additional required donations to reach the target. We return to the issue of what drives the e¤ectiveness of lead donors in the concluding Section.
in the shape and spread of the conditional distribution of donations received, not just the change in the unconditional mean as shown in Table 2 . We estimate the following quantile regression speci…cation at each quantile
where  2 is a dummy equal to one if individual  is assigned to the lead donor treatment T2. The parameter of interest,   , measures the di¤erence at the  th conditional quantile of log donations received between the lead donor treatment and the control group.
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Figure 2 graphs estimates of   from (2) and the associated 95% con…dence interval at each quantile when the comparison treatment is T1. This shows that donations in the lowest quantiles of the conditional distribution of donations given are not much a¤ected by the signal, suggesting the MRS for marginal donors is not a¤ected by the lead donor. In contrast, more generous donors are more a¤ected by lead donors, in absolute terms, causing the overall distribution of donations given to become more dispersed as it is stretched rightward at higher donation amounts. The later structural analysis estimates how the presence of a lead donor a¤ects the distribution of subjective valuations of the project. 21 The reduced form evidence on linear matching schemes has been analyzed in our earlier work, Huck and Rasul [2011] . To brie ‡y summarize those …ndings, we see from Column 5 in Table   2 that as the relative price of donations received falls moving from treatment T2 to the linear matching treatments T3 and T4, the average donation received,   , continues to rise. The average donation received increases to 151 in T3 with a 50% match rate, and to 185 in T4 with a 100% match rate. Importantly, as shown in Figure 1 and Column 7 of Table 2 , as the match rate increases, the donations given,   , fall. The average donation given falls from 132 in the lead donor treatment T2 to to 101 in T3 with a 50% match rate, and to 92.3 in T4 with a 100% match rate. Column 8 reiterates that these di¤erences are not driven by outliers-the median donation given is signi…cantly lower in treatments T3 and T4 than the lead donor treatment T2. 22 Therefore, linear matching does not crowd in donations-rather there is partial crowding out 20 The individual characteristics controlled for in   are whether recipient  is female, the number of ticket orders placed in the 12 months prior to mail out, the average price of these tickets, whether  resides in Munich, and a zero-one dummy for whether the year of the last ticket purchase was 2006. 21 Current models of lead gifts do not emphasize how the impact of a lead donor varies by how much the individual would give in the absence of such a lead donor. We note however that if all agents have the same prior regarding quality (say) and di¤erences in donations are driven by income, then standard utility functions would predict larger absolute increases in donations for the rich, that is, for those who would give more absent the lead donor. This increase in absolute amounts is consistent with our results in Figure 2 . The …gure does not imply that the proportionate increase in donations in response to lead donors is necessarily increasing across quantiles. 22 As discussed in more detail in Huck and Rasul [2011] , own price elasticities of charitable giving have been the focus of much of the earlier literature on charitable giving. In comparison to earlier large-scale natural …eld experiments, we note that Eckel and Grossman [2006] estimate a higher price elasticity of ¡107 as match rates vary from 125 to 133%. Non-experimental studies using cross sectional survey data on giving or tax returns, typically …nd a price elasticity between ¡11 and ¡13 [Andreoni 2006a]. Panel data studies using US data on tax returns have varied …ndings: Randolph [1995] …nds short run elasticities to be higher than cross sectional estimates at ¡155, although Auten et al. of donations given to an extent that, although donations received increase, they do so less than proportionately to the fall in the relative price of the charitable good. 23 An immediate consequence is that straight linear matching schemes as in treatments T3 and T4 do not pay for the fundraiser.
As established in Huck and Rasul [2011] , the charitable organization is better o¤ simply announcing the presence of an anonymous and signi…cant lead gift, rather than additionally using the lead gift to match others' donations. In the structural estimation below, we use the estimates from our preferred speci…cation to predict what giving behavior would have been observed at counterfactual match rates, in particular, at match rates coincident with Eckel and Grossman [2006] and Karlan and List [2007] . This helps shed light on whether there exists some match rates the fundraiser would indeed be better o¤ using rather than just announcing the presence of a lead donor. 24 The …nal two treatments involve novel non-linear matching schemes. Treatment T5 induces recipients to face a non-convex budget set. For donations below 50 the budget line is coincident with that of the lead donor treatment T2; for donations at or above 50 it coincides with that of the 100% matching treatment T4. On the extensive margin, Column 3 of Table 2 shows that recipients are signi…cantly more likely to respond to the non-linear matching scheme than to the lead donor treatment T2. This is in line with standard consumer theory, because as the budget set expands in T5 relative to T2, recipients who found it optimal not to donate in T2 might now optimally choose the interior corner solution. There is no evidence of response rates being higher in T5 than T4.
On the intensive margin, Figure 1 shows that the average outcome in terms of donations given and received in T5 replicate almost exactly those in the 100% matching treatment T4-the average donation received in T5 is 194, as opposed to 185 in T4, and the average donation given is 97.9, as opposed to 92.3 in T4. To see why this is so, note that in the lead donor treatment T2 the average donation received is 132. This suggests that the portion of the budget line in T5 that lies to the left of 100 on the -axis of donations received is irrelevant for many recipients. In essence, treatments T4 and T5 present the average recipient with an almost identical choice.
Hence response rates and donations should not di¤er markedly between the two.
These results have important implications for fundraisers. On the one hand, non-linear schemes that demand a minimum donation before the match kicks in, have bene…cial e¤ects from the fundraiser's point of view in that they-(i) sway those who would have given less than the threshold 23 An alternative interpretation might be that recipient behavior is driven by the inferences they make about the lead donor over these treatments rather than any changes in relative prices. For example, in T2 the lead donor e¤ectively commits to provide 60,000 irrespective of the behavior of others. In T3 the lead donor commits to providing 60,000 only if other donors provide 120,000. Similarly, in T4 the lead donor commits to providing 60,000 only if other donors provide 60,000. In other words, the level of commitment of the lead donor that recipients may infer is greatest in T2, second highest in T4, and lowest in T3. Three pieces of evidence contradict such an interpretation-(i) donations received monotonically decrease in their relative price-moving from T2 to T3 to T4; (ii) donations given fall as the strength of the commitment rises moving from T3 to T4; (iii) in actuality, the lead donation of 60,000 was exhausted by the donations from the original 25,000 mail out recipients. 24 If the lead donor were to o¤er their gift conditional on such a matching scheme being implemented, then the relevant comparison is with treatment T1, as in Karlan and List [2007] . The fundraiser is then better o¤ taking the lead donation and implementing a linear matching scheme rather than not accepting the lead gift. We later use the structural model of giving to make more progress on the design of the optimal fundraising scheme (including non-linear schemes).
amount to increase their donation to the threshold level or incrementally above it; (ii) there are no adverse e¤ects on response rates. On the other hand, for those that would have donated more than the threshold amount of 50, these donors e¤ectively face a reduced relative price of charitable giving, which should lead to a partial crowding out of donations as found in the straight linear matching schemes.
The optimal fundraising scheme would balance these e¤ects. As Table 2 shows, T5 raised less money overall than T2 suggesting the threshold amount was not chosen optimally. This is because most donors would have given above this threshold in any case-in T2 the mean donation given was 132. We therefore conjecture that a higher threshold, set somewhere above this amount would have further increased the total donations given. Hence the fundraiser might be better o¤ by considering sending out tailor-made letters to potential donors, where the matching thresholds are individually adjusted on the basis of observable characteristics correlated with giving behavior. To shed light on the optimal design of fundraising schemes we use our structural estimates to conduct counterfactual analyses on giving behavior in response to variations of the non-convex scheme where we alter: (i) the threshold level at which the non-convexity occurs; (ii) match rates above and below the threshold.
Finally, we compare the …xed gift treatment T6 in which recipients are informed of the existence of a lead donor and that any positive donation will be matched with 20, to the lead donor treatment T2. As previously shown, response rates are signi…cantly higher in T6 than in T2, in line with standard consumer theory. Theory also suggests these additional donors should be willing to contribute relatively low amounts to the project. This is somewhat supported in the data, as shown in Figure 3 . On the one hand, there is a decrease in both the donations given and received in treatment T6 relative to the lead donor treatment T2. However, we do not observe a mass of individuals giving 1c / under T6 as might have been predicted under a neoclassical model. Rather, there is a bunching of individuals giving exactly 20 under T6, that is harder to reconcile with a standard model.
We have earlier noted the optimal non-linear fundraising scheme might o¤er matching that kicks in above the response an individual would have chosen in the lead donor treatment T2. In some sense, this is precisely what the …xed gift in T6 does for those recipients whose T2 response would have been to donate zero. From that perspective, the crowding in of small donations in T6 vis-à-vis T2 mirrors perfectly the choice of the interior corner solution of small donors in treatment T5 vis-à-vis T2. This again suggests that an optimal fundraising scheme would entail tailor-made non-linear matching based on what the individual would have o¤ered in T2. To make progress on this front, we later use our preferred structural estimates to conduct counterfactual analyses on giving behavior to variations of the …xed gift fundraising schemes that alter: (i) the threshold level at which the …xed gift is enacted; (ii) the size of the …xed gift.
On the intensive margin of giving under the lead gift treatment, Column 5 of Table 2 shows the average donation received in T6 is 89.2-relative to T2, donations given fall by signi…cantly more than 20. This result is not driven by outliers. Column 6 shows the median donations received is also signi…cantly lower (by 30) in T6 than T2. These e¤ects remain even in Columns 7 and 8 when di¤erences in the mean and median amounts given are considered. This decrease in donations is partly driven by a mass point of individuals that give precisely 20 under T6. The structural estimates developed below allow for such focal point in ‡uences on giving behavior.
Combining the two margins of giving, we see that in aggregate, in T6 12,248 is donated (by 177 individuals). This is considerably less than the total amount donated in the lead donor treatment T2 (17,416 by 132 individuals). Hence although T6 induces more individuals to give, they give relatively small amounts. In addition, it is likely that among those assigned to T6 that would have given under the counterfactual T2 treatment, there is more than a 20 reduction or crowding out of their donations. This perverse impact of the …xed gift will also be hard to reconcile with a standard model of preferences. 25 4 Structural Form Evidence
Baseline Model
We now develop and estimate a structural model of charitable giving to: (i) assess the extent to which we are able to explain giving behavior across the six treatments with a parsimonious model;
(ii) predict behavioral responses on the extensive and intensive margins of giving to a richer set of designs of charitable matching schemes than those in the natural …eld experiment. This latter exercise informs the design of the optimal design of fundraising schemes among the set of schemes that are combinations of the linear and non-linear schemes implemented.
As in the conceptual framework developed earlier, we assume individuals have pure warm glow preferences de…ned over their private consumption, , and the donation received by the project,   . Individuals are heterogeneous with respect to their valuation of the lead donation and this is indexed by the one dimensional parameter , which has the cumulative distribution function   (¢; ).  = 1 denotes the presence of a lead donor (as in treatments T2-T6), with  = 0 otherwise. This formulation therefore allows for the possibility that the presence of the lead donor alters the marginal bene…t from donating, as suggested by the earlier reduced form evidence. 26 We begin by assuming a random quasi-linear form for preferences,
where   0, and with individuals subject to a budget constraint,  +   · , and non-negativity constraint,  ¸0  The donation received   is related to the donation given   through the function
which varies with the fundraising scheme in place in treatment  . This utility speci…cation provides an empirically tractable framework and also permits both intensive and extensive responses when the donation matching rate varies. 27 Throughout this section we abstract (for notational simplicity) from any dependence of the structural parameters upon observable demographic characteristics. However, such dependence does not complicate the analysis and will be incorporated in all our empirical speci…cations. 28 
Linear Matching
Under the linear matching treatments T1 to T4,   =     , where   is the matching rate in treatment  . The donation given is strictly positive if    1, that is, the marginal utility of giving at   = 0 exceeds the marginal utility of consumption. When positive, the donation given satis…es the …rst order condition,
so that   is increasing in the individual's valuation, . With slight abuse of our earlier notation, we write the associated indirect utility function as,
which will be useful when examining optimal individual giving behavior in the next treatment.
Non-linear Matching
In the non-linear matching treatment T5, donations are matched one-for-one, but only if the donation given is greater than 50. Thus, in order to determine the optimal choice of   we need to consider the utility attained from either not donating, donating exactly 50, or donating some positive amount that is either more than or less than 50. To do so, we consider the parameter restrictions that are consistent with the various piecewise linear sections of the budget set having (or not) an interior solution and comparing maximized utility levels. An exhaustive description of the optimal   for all possible parameter values f g is provided in the Appendix. These giving patterns are also summarized in Figure A1 : the yellow area corresponds to the set of parameters where an individual is on the matched section of the budget constraint with    50; the orange area is the parameter set where   = 50; the brown area is the parameter set where 0     50.
An important implication of the model under treatment T5 is that for a given  the support of 27 The Constant Elasticity of Substitution speci…cation has been used in previous work on charitable giving, such as Andreoni and Miller [2002] . Setting (   ; ) ¡ =  ¡ +  ¡  would not yield any change in the donation rate as the matching rate is varied. From Table 2 we see that this pattern is clearly rejected in our data. 28 The model thus allows us to take seriously the possibility of heterogeneous responses to fundraising schemes. In contrast, the bulk of the earlier literature has considered mean e¤ects. A notable exception is Fack and Landais [2010] who use three-step censored quantile regression methods to address censoring issues related to donors being self-selected and then explore heterogeneous responses to tax reforms in France related to charitable giving.
exactly 50. Moreover, for   1100 donations below 50 are never optimal. These observations suggest that further heterogeneity and/or model features may need to be incorporated to explain actual giving behavior in this treatment. We return to this issue in Section 4.4 when we further allow for pure warm glow preferences and focal point in ‡uences.
Fixed Gifts
Under treatment T6 there is a 20 match for any strictly positive donation amount so that   =   + 20. We need to consider the possibility of an individual donating: (i) identically zero;
(ii) a strictly positive (but negligible) amount; (iii) a strictly positive and non-negligible amount,    0. At an interior solution where the individual donates    0, their utility is,
which for    0, is maximized when,
Thus there is 100% crowding out of donations for individuals who would donate in both T2 and T6. This stark prediction arises because of the absence of any income e¤ects in our simple preference speci…cation, an issue we return to below. The model also predicts the number of individuals who are donating strictly positive (and non-negligible) amounts falls relative to the lead donor treatment T2. These correspond to individuals who would have donated less than 20 in T2. It is straightforward to verify that individuals will donate strictly positive non-negligible amounts in the …xed gift treatment T6 if   1 + 20. The baseline model also predicts a mass of individuals donating a negligible amount to the charitable cause. Individuals will prefer to donate this amount relative to either not donating or donating a non-negligible amount if
The proportion of individuals donating some negligible or non-negligible amount will therefore rise relative to the lead donor treatment T2 provided  is not too high.
Discrete Version
Formulating the model with a continuous choice over donation amounts   is natural and also useful for exploring the theoretical implications of the model. However, despite the fact that over 900 individuals donate a strictly positive amount across the six treatments, the actual data only has 30 positive points of support for donations across all treatments. 29 While we are not able to explain why individual donations are concentrated at certain amounts, a discrete choice formulation of the model at least allows us to recognize the existence of this behavior. We therefore also consider a discrete variant of our baseline model, where we maintain the same underlying choice model as described above, but restrict   to belong to some …nite and pre-determined set D g . The theoretical implications of our baseline model with a discrete choice set remain essentially the same as in the continuous choice version discussed above. Throughout we assume that all  + 1 elements of
so that there is a range of  consistent with the optimal choice   =    for 0    . In the linear matching treatments this is easily shown to satisfy,
A very similar set of inequalities can be derived under the …xed gift treatment T6, while under the non-linear matching treatment T5 it is again necessary to compare maximized utilities on the di¤erent sections of the budget constraint. 
Estimation of the Baseline Model Using T1-T4
We …rst structurally estimate the baseline model under the alternative assumptions of continuous and discrete choice sets, using maximum likelihood estimation in both cases. The estimation is performed only using data from the linear matching treatments T1-T4, that replicate commonly observed fundraising schemes, with the experimental variation in match rates permitting separate identi…cation of the structural parameters. These parameter estimates then allow the model to be used for an out-of-sample prediction exercise in the remaining treatments T5 and T6, relating to more novel fundraising schemes.
31 30 In particular, in T6, the range of  consistent with the choice
and with   =  1  optimal when,
For T5, the range of  such that    50 is optimal is de…ned by the same set of inequalities as in equation (8) with   = 2. For any    50, the range of  must simultaneously satisfy equation (8) with   = 1, as well as,
which is the requirement that the utility from    50 strictly exceeds that from   = 50. Note that the range of  consistent with a given 0     50 being optimal may be an empty set. 31 Given the simple structure of the model under treatments T1-T4 and the fact that these fundraising schemes are most commonly observed, it is convenient and natural to estimate the model on this subset of treatments to assess the out-of-sample predictive ability. We can of course also consider estimations based on an alternative subset of treatments. To identify the parameters of   (¢; 0) it is always necessary to use data from T1. The parameters of   (¢; 1) and  can be separately identi…ed using data only from treatment T5. Parametric identi…cation is possible
In the empirical implementation we specify a parametric distribution of the unobserved heterogeneity . This distribution may vary both with individual characteristics   , as well as exposure to the lead donor treatment groups ( = 1). Throughout we assume this distribution is normal, with unknown mean and variance. The mean of the distributions is allowed to vary with demographic characteristics through a linear index restriction,  
The maximum likelihood estimates from the continuous choice baseline model speci…cation can then be obtained from two independent Tobit regressions: the …rst uses data from treatment T1
and regresses   =   on the set of individual controls   (including a constant); the second uses data from T2-T4 and regresses   =     on the same set of controls   (including a constant) as well as the inverse matching rate 
¡1
 . Of course, this equivalence will not hold if heterogeneity is allowed to enter the model more generally, or if restrictions are imposed on the in ‡uence of demographics across  = 1 and  = 0.
When estimating the discrete version of the model we de…ne the choice set,
Individuals observed donating some amount not contained within D g are assigned to the nearest donation amount in this set. The likelihood function here is simply comprised of the product of the donation choice probabilities, which themselves are given by the probability that  belongs to the interval as de…ned by equation (8) .
33 Table A1 presents the preference parameter estimates of f 
 g from the baseline model using data from T1-T4. Panel A shows the estimates from the continuous choice model, and Panel B shows the estimates under the discrete version of the model. Bootstrapped standard errors using 500 repetitions are shown in parentheses. Three points are of note. First, the parameter estimates are very similar, regardless of the assumed continuous or discrete choice set. Second, observables that indicate a¢nity to the opera house (number of ticket orders placed in without experimental variation because we are assuming that the same shape parameters (a mean and variance from a normal distribution) are responsible for giving behavior on both the unmatched and matched sections of the budget constraint. Non-parametric identi…cation however requires experimental variation. 32 The individual characteristics controlled for in   are whether recipient  is female, the number of ticket orders placed in the 12 months prior to mail out, the average price of these tickets, whether  resides in Munich, and a zero-one dummy for whether the year of the last ticket purchase was 2006. 33 De…ning the supremum of the set de…ned in equation (8) 
where © is the cumulative distribution function of the standard normal distribution. the 12 months prior to mail out, whether the year of the last ticket purchase was 2006) increase the mean valuation of donations, . Third, there is considerable imprecision in the parameter estimates. Comparing the estimation results with and without the lead donor, our results suggest that exposure to the lead donor treatments changes the distribution of valuations  such that: (i) fewer individuals would donate, i.e.   (1; 1)    (1; 0); (ii) the proportion of individuals with high realizations of  (and therefore higher donations) increases. Table 3 then shows the …t of both formulations of the model on the two key statistics related to the extensive and intensive margins of giving behavior: the response rate, and the mean donation given conditional on response. Columns 1 and 4 show the empirical values for each statistic. The remaining columns show the model prediction. For each of the twelve moments (the response rate and average donation given for the six treatments), we report whether the empirical moment is signi…cantly di¤erent from the model prediction.
Within sample using treatments T1-T4 that relate to commonly observed fundraising schemes, the structural model does well in explaining both the donation rate and mean conditional donations in T1. While the observed response rates in T2-T4 are not statistically di¤erent from that predicted by the model, the …t on the intensive margin is much less satisfactory. As Columns 4 to 6 show, the estimated structural model, in either continuous or discrete choice formulations, substantially over-predicts the mean donation given in the lead donor treatment T2 with observed mean donations signi…cantly di¤erent from their predicted value, and suggests a very steep price gradient as the matching rate increases.
The out-of-sample …t of both formulations of the model to T5 and T6 are unsatisfactory, as shown in the lower half of Table 3 . In the non-linear matching treatment T5, the response rate is lower (3.3% or 3.4%) than is empirically observed (4.3%), with this di¤erence being statistically signi…cant. While observed mean donations for this treatment are slightly below that predicted, the estimated baseline model implies a zero probability of donating an amount greater than zero and less than 50, which is at odds with the data.
In the …xed gift treatment T6, the baseline structural model does predict the response rate to be higher than in other treatments and matches quite closely the empirical response rate of 4.7%.
However, on the intensive margin of giving behavior, the baseline model performs poorly in both continuous and discrete choice formulations. In both cases, donations given are predicted to be considerably higher relative to what is observed with the di¤erences highly statistically signi…cant.
This suggests the baseline model under predicts the extent to which under this fundraising scheme, relative to the lead donor scheme, existing donors might reduce their donations as they are crowded out by the …xed gift. 34 34 The reason the baseline model is unable to …t the response rate in T5 can be seen from Figure A1 . The only way the baseline model can increase the donation rate relative to T2 is if   1100 (but note that in this case the model would not permit any donations below 50). Thus, given the estimated parameter values, the non-linear matching structure induces some individuals already donating to increase their donation, but it does not induce non-donors to give. 21 
Extensions
The unsatisfactory empirical performance of the baseline model suggests behavior can potentially be better explained through extensions to the model. We consider these extensions in the context of the discrete version of the model, though most apply equally when   is continuous. Finally, while we describe introducing each of these extensions in isolation, they can and will be incorporated simultaneously.
Pure Warm Glow Preferences
We assume there is a fraction   of individuals who exhibit what we again refer to as 'pure warm glow' preferences. Such individuals derive utility from their own private consumption as well as the value of their donation given    regardless of how this is matched. They do not value any potential matching donation given by the lead donor,   ¡   . It follows that individuals with pure warm glow preferences behave as described in the baseline model when subject to treatment T1 or T2; when subject to any of the matched treatments their behavior is the same as under T2.
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Allowing for pure warm glow preferences provides a mechanism through which any change in the donation matching rate will, all else equal, generate smaller movements in donations given and hence received. Relative to the baseline model above, we then expect responses to the linear matching treatments to be closer to those under the lead donor treatment T2. This may overcome the steep price gradient documented in Table 3 from the baseline structural estimates. Furthermore, provided  has full support, the presence of such behavior implies that any positive donation amount in any treatment may be rationalized. This feature is important given that our estimated baseline model implied that in T5 there was a zero probability of individuals donating a positive amount less than 50.
Focal Points
We previously noted that actual donations are concentrated at a small number of donation values.
Even in the linear matching treatments T1-T4, the three most frequent donation amounts (20, 50, and 100) account for 60% of all positive donations, resulting in a multi-modal distribution of donation amounts. While we are not able to explain why speci…c donation amounts display such prominence, we incorporate them in our model by allowing individuals to be attached to these focal donation amounts. We proceed as follows.
For each donation amount given    we introduce an associated captivity parameter   that enters the utility function additively and therefore makes particular donation choices more or less likely,
Since for certain parameter values, the range of valuations  consistent with a particular donation amount may have zero measure, we construct the following smoothed probabilities for a given donation amount    , which are then used when forming the likelihood function,
so that as the smoothing parameter  ! 0 the probabilities in equation (12) converge to the original unsmoothed choice probabilities.
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In our empirical applications we restrict   to be zero for all donation amounts except   2 f20 50 100g. When estimating the model using data only from T1-T4 we do not allow the captivity parameters f  g to vary across treatments. Since the non-linear matching treatment T5 may be expected to strengthen focal behavior especially at   = 50, and similarly the …xed gift treatment T6 may strengthen it at   = 20, we also explore the possibility of appropriate parameter shifts when estimating the model using data from alternative treatments. This ‡exibility might be especially important in allowing the model to better …t the empirical data from the novel fundraising schemes embodied in T5 and T6.
Flexible Curvature
Our third extension allows for greater ‡exibility in functional form by specifying preferences as,
with   1 and utility maximized subject to the same set of constraints as before. While this generalization does not change the condition for donations to be positive under linear matching, it does o¤er more ‡exibility in responses following any change in the matching rate. If   is discrete, then we obtain a modi…ed set of inequalities determining optimal   . In particular the range of  consistent with the optimal choice   =    for 0     in treatments T1-T4 is now given by,
Bounds on  consistent with choice behavior in the other treatments can similarly be derived.
Estimation of the Extended Models
The model …t under the alternative extended model speci…cations is presented in Table 4 . Panel A
shows the model …t on response rates, and Panel B shows the model …t in terms of mean donation given, conditional on some strictly positive donation. For each of prediction, we again report whether it is statistically di¤erent from the corresponding empirical moment. Columns 1 to 3 in both panels show that introducing each of the extensions in isolation, results in noticeable improvements in the within sample …t in treatments T1-T4 as measured by the response rate (where there are no signi…cant di¤erences between predicted and empirical values) and similarly in mean conditional donation given (where statistical di¤erences only exist in the focal point speci…cation in Column 3 for the linear matching treatment T4). Incorporating either pure warm glow preferences, that are estimated for b   = 27% of individuals, a ‡exible curvature parameter, or focal points, all provide a mechanism through which changes in the matching rate may have a smaller impact on average donations than in the baseline model. When considering each feature in isolation, pure warm glow preferences provide the best …t to mean conditional donations, though the speci…cations which incorporate focal points do much better in matching other features of the donation distribution.
In terms of out-of-sample …t to treatments T5 and T6 shown in the lower half of each panel in Table 4 , we continue to under predict the response rate in the non-linear matching scheme T5 (around 3.6% predicted versus 4.3% observed), and these di¤erences are signi…cantly di¤erent at conventional levels. In most extensions considered we still obtain preference parameter estimates that leave donations unchanged relative to the lead donor treatment T2. None of the speci…cations considered are capable of describing giving behavior in the …xed gift treatment T6. This is unsurprising since the extensions considered all improved the within sample …t by making donations less responsive to changes in the fundraising scheme in place,   (¢).
Column 4 presents results from our preferred speci…cation that combines focal points with pure warm glow preferences. Panel C of Table A1 shows the estimated preference parameters from this speci…cation, f  0
When combining pure warm glow and focal point extensions, the estimated fraction of recipients with pure warm glow preferences rises to b   = 33%. We also see that there is considerable focal attachment at   = 50 and   = 100, while b  20 is not statistically di¤erent from zero. Figure 3 shows the predicted and empirical distribution of strictly positive donation given amounts from this extended model with both focal points and pure warm glow preferences. This shows the model generally does well in explaining the entire distribution of positive donations, not just the mean values shown in Table 4 . Figure 3 shows that in the presence of focal points, we are able to explain the shifting distribution of donations given as we vary the linear matching rate. We are also able to well explain, entirely out-of-sample, the general shape of the donations distribution in treatment T5 (including the low probability mass below 50). The model does under predict the proportion donating at   = 50, which also accounts for the statistically signi…cant discrepancy in the response rate, where the model predicts a response rate of 3.6% versus the empirically observed 4.3%. While increasing  50 would increase donations at this point, it would result in a deterioration in …t at the neighboring donation amounts.
The …t to treatment T6 is the least satisfactory, both in terms of the empirically observed mass at   = 20 (rather than at the lowest discrete category) as well as the virtual absence of any donations actually observed to be above 200, despite the model predicting such large donations. In summary, the baseline and extended models are unable to explain the presence of more than complete crowding out in the …xed gift treatment T6: it is really this discrepancy between the empirical and predicted amounts at the right hand end of the distribution that leads to the average predicted donation amount in T6 to be so much higher than what is empirically observed.
To understand how well the model performs when using the additional exogenous variation induced by treatments T5 and T6, we also estimate the model (with warm glow and focal point in ‡uences) including data from these treatments. The results of this exercise are shown in Column 5, with the …t across all treatments shown to be very similar to when we reserved treatments T5 and T6 as a holdout sample.
One interpretation of the model's inability to fully match giving behavior in T6, and to a lesser extent in T5, is that these treatments themselves strengthen individuals' attachment to speci…c donation amounts. Of course such behavior cannot be predicted out-of-sample with our model, and so the preferred way to allow for it is to estimate the structural model using all six treatments and allow the attachment parameters to vary with these treatments. The results of doing so are shown in Columns 6 and 7 in Table 4 . Estimating the model on treatments T1-T5, Column 6 in each Panel shows we obtain little improvement in model …t by allowing   to vary. Indeed, the estimated captivity parameters at   = 50 is only slightly higher in T5 than it is for T1-T4. By increasing the attachment to a particular donation amount we raise the number of individuals at that amount, but only by drawing individuals from the neighboring donation amounts.
Column 7 shows that when we allow the attachment parameter  20 to vary with exposure to the …xed gift treatment T6, the substantial over-prediction of average donations still remains. To summarize then, our preferred structural model allows for focal point in ‡uences and a certain fraction of individuals having pure warm glow preferences. With these extensions, the model closely matches the empirically observed response rates and mean donation amounts: when using data from all six treatments, for 11 out of 12 moments (the extensive and intensive margins of giving across six treatments), the empirical values are not statistically di¤erent those predicted by the structural model. Moreover, the model also does a good job in …tting the distribution of donations given in …ve out of six treatments. The extended model still performs worse matching the data to the …xed gift treatment T6. One theoretical extension of the baseline model that might help to …t T6 would be to allow income e¤ects. Three points are of note with regards to such an extension. First, income e¤ects might not be very important for our sample of potential donors: they are likely high wealth individuals for whom donation amounts probably correspond to a small share of their income. Second, while such e¤ects are theoretically straightforward to incorporate into our analysis, our data does not include any measures of income, and any attempts to proxy income with other measures produces results that are very sensitive to the way in which income e¤ects are parameterized. 37 Third, for income e¤ects to explain giving behavior in T6, donations given would have to be a hugely inferior good for many in the population, and that simply does not …t the evidence from most settings [Andreoni 2006a], and would likely lead to the model …tting T1-T5 less well.
In conclusion, we therefore leave for future research modeling extensions that can better explain behavior in non-linear treatments such as T6. To reiterate, two key discrepancies exist between the predicted and observed donations under T6, as shown in Figure 3 . First, we do not observe a mass of individuals giving 1c / under T6 (or at the lowest discrete category), rather there is a mass of individuals that give precisely 20 under T6. Second, at the other extreme, the structural model also does not generate su¢cient crowding out among the very highest donations, so that it over predicts the number of donations greater than 200 that really drives the signi…cant di¤erence between predicted and empirical donations.
It is hard to think of simple extensions, at least within a neoclassical framework, that could address both issues to help improve the model …t to T6, and at the same time, not worsen the model …t in the other treatments T1-T5. Taken together, this highlights there are likely some very speci…c factors that impact giving behavior in …xed gift treatments that do not arise in other forms of non-linear fundraising scheme, especially when the …xed gift kicks-in for any strictly positive donation.
Counterfactual Charitable Fundraising Schemes
We now use our preferred structural model of giving behavior to explore the e¤ectiveness of alternative charitable fundraising schemes. We conduct such counterfactual experiments using the estimated parameters from the structural model with a discrete choice set, pure warm glow preferences, and focal points. 38 While in principle we could consider almost any matching scheme, we focus attention to simpler parametric forms, that are more realistic extensions of commonly observed fundraising schemes. The reduced form and structural form evidence presented thus far suggests that from the fundraiser's point of view, among the schemes considered in the experiment, it is optimal for the charitable organization to merely announce the existence of a signi…cant and anonymous lead donor, and not to use the lead donation to match donations in any way. The aim of the counterfactual exercises performed is to explore whether there are other fundraising schemes beyond those in our experiments that out-perform the lead donor treatment. The counterfactual exercises also shed light on how di¤erent schemes perform should lead donors insist their gifts must be matched in some way. Table 5 presents the …ndings from the various counterfactual schemes considered. As a point of comparison, Column 1 shows the predicted outcomes from the preferred model for the lead Munich zipcodes. Using these data we then attempted to relate an unknown parametric distribution of income to this house price data and then integrating over this distribution in the likelihood function. Restricting ourselves to the subsample of Munich households considerably reduced sample size. Overall, such attempts to incorporate income e¤ects performed very poorly, with our results highly sensitive to alternative parameterizations on how we allow for the possibility of income e¤ects in the utility function. 38 All moments are calculated using the empirical distribution of demographic characteristics across all six experimental treatments. The estimated preference parameters are shown in Panel C of Table A1. donor treatment T2. At the foot of each column we show the predicted response, and mean donation given conditional on a strictly positive donation being made. Finally, because in some of the counterfactual exercises the response rate and mean conditional donation given might move in opposite directions, we also report the average donation given (including zeroes) to assess the overall performance in terms of revenue raised of each fundraising scheme.
Linear Matching Schemes: Higher Match Rates
We …rst use our structural model to predict how revenue raised varies with linear matching rates, (  ) =  0   , over a range outside of that considered in our experimental study. We consider matching rates between  0 = 2 through to  0 = 4, which are the match rates as considered in Karlan and List [2007] . Columns 2a-2c show that increases in the match rate have little impact on the extensive margin where the initial decision to donate is made: response rates remain at around 4% as the match rate moves from  0 = 2 to  0 = 4. However, increasing match rates has a pronounced negative e¤ect on average conditional donations given: donations given fall to 91.8 when donations are matched twice over ( 0 = 2), they fall to 75.4 when  0 = 3, and they are 66.3 when the match rate is  0 = 4. As the …nal row on average donations given shows, taking into account both the extensive and intensive margins of giving, increasing match rates to these out-of-sample values leads to further declines in funds raised. Hence, this counterfactual analysis suggests it continues to be the case that as the charitable good becomes cheaper vis-à-vis own consumption, individuals demand more of it in terms of donations received including the match, but spend less on it themselves in terms of donations given prior to the match. From the charitable organization's perspective, more generous linear matching schemes are not an e¤ective fundraising instrument relative to merely announcing the existence of a signi…cant and anonymous lead donor.
Non-Linear Matching: Variable Thresholds
The next scheme considered is a generalization of the non-linear matching scheme T5. We now allow alternative pre-and post-threshold matching rates, denoted  0 and  1 respectively, as well as allowing the threshold point itself,   2 D g , to vary,
In Columns 3a to 3c of Table 5 we see that relative to treatment T5 in which the mean donation given was predicted to be 117, donations given are predicted to increase by: (i) decreasing the post-threshold matching rate slightly to  1 = 15 (Column 3a); (ii) increasing the threshold that induces the higher match rate to   = 100. With both variations, the response rate remains relatively unchanged at 3.6%, but relative to treatment T5 (Column 3b) they increase both conditional mean and overall donations. This direction of change is unsurprising since both changes make the matching schemes considered here somewhat closer in structure to the unmatched lead donor treatment T2.
Fixed Gifts: Alternative Thresholds
The next set of counterfactual fundraising schemes are variants of the …xed gift treatment T6, where rather than a …xed gift being contributed for any positive donation, we consider a …xed contributed  ¸0 for any donation that exceeds some threshold value   2 D g ,
As discussed in Section 3 in the context of the non-convex treatment T5, the bene…t of this type of design is that it induces some individuals who were not donating to perhaps start donating positive amounts, and for those that were donating a strictly positive amount less than   , to perhaps move to an interior corner solution where they donate more. However, the cost of this design is that individuals who are originally donating more than   may now reduce their donations.
In Columns 4a-4c of Table 5 we show the impact of alternative threshold values for the …xed gift to be given, while maintaining the value of the lead gift at   = 20 as in treatment T6. Starting from a …xed gift threshold that kicks-in at any strictly positive donation in Column 4a (  = 0), the results show that mean donations given are increasing in   , while the response rate declines from 4.2% with a threshold   = 0 to 3.6% when the threshold is at   = 50. Hence as the threshold increases, response rates converge to those observed under the lead donor treatment T2. Taking both extensive and intensive margins of giving into account, the …nal row of Table 5 shows how the average donation given varies (including zeroes). We see that while overall giving increases with the threshold for the …xed gift to be triggered (  ), it does so at a relatively slow rate. Overall, we see that variants of the …xed gift treatment generate higher fundraising revenues than alterations in linear match rates or variants of the non-linear treatment T5 considered above.
However, in order to match average donations in the lead donor treatment, unrealistically high threshold levels would need to be set.
Kinked Match Functions
The remaining counterfactuals use the preferred structural model to explore giving behavior in response to two additional fundraising schemes that, to the best of our knowledge, have not previously been studied in the charitable fundraising literature. The …rst of these is a kinked matching scheme, where we allow donations to be …rst matched at rate  0 , and for the value of any donation exceeding some threshold value   , to then be matched at a potentially di¤erent rate  1 . This formulation introduces a kink in the budget set rather than a discontinuity, so that,
Relative to designs such as in the experimental non-linear treatment T5, this form of kinkedmatching will not induce as much bunching at the threshold value   and will not induce as strong behavioral responses (holding both matching rates constant). We explore the impact of this matching scheme in Columns 5a to 5c of Table 5 , considering an example where  0 = 1. In
Columns 5a-5b where we initially consider the case where   = 50, we see that changes in the post-threshold match rate  1 have minimal impacts on the response rate, and result in a positive impact on the intensive margin of giving, raising overall donations. In the third counterfactual in Column 5c, we …nd that overall revenue is increased as we increase   to 100, and while this scheme raises more revenue than the linear and non-linear matching treatments considered earlier, it still remains below what is obtained under the lead donor treatment T2.
Generalized Threshold Matching
Finally, we consider a generalized matching scheme that nests all the previous design schemes as special cases. Speci…cally, under this scheme we allow there to be a discontinuity in the budget set as in the variable threshold matching design, but now allow the size of the discontinuity to be varied independently of the pre-and post-threshold matching rates. More precisely, we allow the value of the donation matching to be increased by a …xed gift amount   for  ¸ ,
Varying the size of the discontinuity through the …xed gift   allows us to in ‡uence the incentives for individuals to locate on the alternative linear sections of the budget constraint. 39 The results are in Columns 6a-6c of Table 5 . Starting with a design similar to that in treatment T5, increases in the value of the …xed gift   : (i) have little impact on the extensive margin with the response rate stable at 3.6%; (ii) reduce total donations. Unsurprisingly, as the …xed gift tends to zero, we replicate the results for the kinked matching scheme described above.
In summary, none of the counterfactual fundraising schemes considered in Table 5 generate greater total revenues than does treatment T2 where the lead donor was simply announced. While some counterfactual schemes generate higher response rates (such as the linear matching schemes, and variants of the …xed gift treatment T6), none generate higher fundraising revenues overall. Of course, the counterfactual results are subject to the caveat that the precise design and wording of di¤erent matching schemes may induce important focal responses which we are not able to incorporate in these out-of-sample prediction exercises. 40 Moreover, if lead donors insist their gifts be used in some matching scheme, this counterfactual 39 We obtain the linear matching rule when  0 =  1 and   = 0, conditional lump sum matching when  0 =  1 = 1, kinked donation matching when   = 0, and variable threshold matching when 40 Under the class of functions that we have considered here we did not obtain a fundraising scheme that outperformed T2 in terms of the total amount donated. By construction, these were all extensions of commonly used incentive schemes. In terms of design more generally, we may consider starting from a scheme with no matching, and perturbing it slightly. Introducing a match that applies to a single point on the schedule results in some individuals reducing their donation given, and some individuals increasing their amount given (possibly from zero) to where this match applies. Depending on the relative size of these groups, it is possible that such a perturbation would either increase of decrease total amounts given. While we did …nd situations where a deviation of this type raises donations, it typically involved both very small matches, and only actually raised marginally more than T2.
analysis shows that, the fundraiser is best o¤ using a non-convex matching scheme that involves …xed gifts being provided at some strictly positive donation threshold. While these may be viewed as a generalization of the …xed gift matching treatment T6, where the model performs least well, an important distinction is that it no longer links the match to the extensive response, as is true in the original T6 treatment. Restricting attention to counterfactuals based on the treatments T1 to T5 reveals that if lead donors insist their gifts must be matched, then the fundraiser is best o¤ implementing a non-convex kinked match function as described in the previous subsection. These insights on optimal fundraising are novel in the economics literature on charitable giving, and show how some standard practices among fundraisers can be improved upon. In this sense, there appears to be scope for gains to fundraisers from taking on board insights from the literature studying how to encourage individuals to contribute to their 401(k) savings plans [Madrian 2012] , in which linear and non-linear matching incentives are more commonly observed.
Discussion
We have presented reduced form and structural form evidence from a large-scale natural …eld experiment designed to shed light on the e¢cacy of alternative charitable fundraising schemes. The key insight obtained from the structural model is that individual behavior is best explained in a model in which individuals are heterogeneous with respect to their valuation of the lead donation received, some proportion of individuals have pure warm glow preferences, and individuals are subject to focal point in ‡uences in giving behavior.
The second key insight of our analysis is based on utilizing this model to understand the optimal design of fundraising schemes within the set of schemes that are combinations of the linear and non-linear schemes implemented in the natural …eld experiment. The counterfactual exercises performed using the preferred structural model reveal that, amongst this set, the optimal fundraising scheme is one in which the charitable organization merely announces the existence of a signi…cant and anonymous lead donor, and does not use the lead donation to match donations in any way, be it through linear matching, non-linear matching, threshold matching, or some combination of the three schemes. If however lead donors insist their gifts must be matched in some way, the fundraiser is best o¤ using a non-convex matching scheme that involves …xed gifts being provided at some strictly positive donation threshold. This is a novel insight for fundraisers, that shows current practices can likely be improved upon in this setting. More broadly, this opens up the possibility of fundraising schemes that are tailored to the characteristics of recipients being more e¤ective than the types of non-discriminatory fundraising schemes explored here. Indeed, we plan to explore such possibilities in future research.
We conclude by discussing two remaining issues. First, given our …nding on the e¤ectiveness of the mere announcement of lead donors over the commitment to use the lead gift to match donations in some way, this naturally begs the question of why fundraisers are typically observed employing the latter type of fundraising scheme. One explanation is that for projects with a speci…c target to be raised, the announcement of signi…cant lead donors might discourage additional contributions [List and Lucking-Reiley 2002 ]. An alternative explanation might stem from the fact that the same organization is typically not observed experimenting with di¤erent fundraising schemes and thus receives little feedback on alternatives. In line with evidence on for-pro…t …rms [Levitt 2006 ], absent informative feedback on alternative schemes, systematic deviations from optimal fundraising methods might then be more likely.
Another explanation is that lead donors might insist their gifts be used in some matching scheme, say because they want to aggregate others' information. Finally, competition for lead donors between charitable organizations might cause the organizations to have to o¤er that such gifts will be matched: all else equal, the lead donor might well prefer to provide a gift that is used to match the donations of others. Our counterfactual analysis shows that in this case, the fundraiser is best o¤ using a non-convex matching scheme that involves …xed gifts being provided at some strictly positive donation threshold.
Second, our analysis raises the question of why potential donors might be so responsive to the presence of lead donors. The literature suggests lead donors might alter the marginal utility of giving of others through a variety of channels, such as lead gifts serving as a signal about the quality of the fundraising project [Vesterlund 2003 ], snob appeal e¤ects [Romano and Yildirim 2001], or in the presence of increasing returns, such lead gifts eliminate an equilibrium in which all donations are zero [Andreoni 1998 ]. While disentangling such explanations lies beyond the scope of the current paper, we brie ‡y present evidence from a follow-up …eld experiment we conducted, again in conjunction with the Bavarian State Opera in Munich, a year after the original mail-out.
In this follow-up …eld experiment we mailed opera attendees a letter describing the same charitable fundraising project, "Stück für Stück", organized by the opera house. We focus on recipients that had not been part of the original mail-out in 2006. These new recipients were randomly assigned to treatments that varied in whether information was provided on the identity of the lead donor: in the control group the lead donor was anonymous, and in the treatment group the lead donor was revealed to be a member of the 'Premium Circle', the highest level of philanthropic support for the Opera House. In both treatment and control groups the lead donor committed to a signi…cant donation of 12,000 (corresponding to over 100 times the average donation), rather than the 60,000 lead gift in treatment T2 from the earlier …eld experiment. Table 6 Overall, this provides some tentative evidence that lead donors-and in particular the value of the lead donation rather than the identity of the lead donor-might serve as signals about the quality of the fundraising project [Vesterlund 2003 ]. This provides a basis for future research on understanding the role of lead donations for the economics of charitable giving speci…cally, and on understanding behavior in markets with quality signaling more generally.
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A Appendix
In the non-linear matching treatment T5, donations are matched one-for-one, but only if the donation given is greater than 50. Here we derive the parameter restrictions that determine the optimal choice of   by considering the utility attained from either not donating, donating exactly 50, or donating some positive amount that is either more than or less than 50. The solution with   = 50 will then be optimal provided that the participation constraint, which requires that the utility from giving exactly 50 exceeds the utility from not giving is satis…ed. That is, if ¡50 + 100 ¡ Since individuals may optimally choose exactly   = 50 on this section of the budget constraint, the only additional constraint that we need to consider is the participation constraint,   1 2 , which is automatically satis…ed in each of the cases above. Now, let us suppose that both  ¸5 0 and 0     50 are candidates. Again, it is straightforward to show that this is true if the 41 There obviously remains much to understand about the nature of lead gifts given the nascent literature on such schemes. The few papers that study variants of lead gift schemes in the …eld, do not point to a clear consensus emerging on the key features of lead gifts. For example, Karlan and List [2007] …nd the announcement of the availability of a match from a lead donor, but no speci…c information on the total value available for matching, increases responses on both extensive and intensive margins of charitable giving (relative to a control group in which no lead gift is announced). Providing recipients with additional information on the value available for matchingranging from $25,000 to $100,000-however had little additional impact on giving behavior. Karlan and List [2013] show how revealing the identity of a highly reputable lead donor can further enhance donations of others provided they are aware of the lead donor's reputation. They argue that this heterogeneous treatment e¤ect is strongly suggestive of signaling. Finally, Rondeau and List [2008] also …nd that lead gifts (challenge gifts) are more e¤ective than matching gifts in the …eld. their design allows them to attribute this to signaling e¤ects. However, by comparing equation (5) evaluated at   = 2 to it being evaluated at   = 1, utility from  ¸5 0 will exceed that from 0     50 if   3 4 , which is satis…ed in the above. Thus, whenever both sections have candidates for interior solutions, only  ¸5 0 can be optimal. The participation constraint   1 2 will again be automatically satis…ed. The most interesting case to consider is when the only feasible interior solution is on the …rst linear section where 0     50. This is true if, Ignoring the participation constraint, we need to determine whether choosing the amount   = 50 is preferable. To do this we de…ne  ¤ such that the utility level of donating this amount strictly exceeds the maximized utility level on the interior section. Using equation (5), this requires,
This quadratic equation has two solutions, but only the solution  ¤ = 1¡10 p +100 is consistent with    50 on the interior section. Thus, under the additional condition that    ¤ , we will have an interior solution with 0     50. Conversely, if we have ¸ ¤ then   = 50 is optimal.
In both cases the participation constraint will necessarily be satis…ed.
These giving patterns are summarized in Figure A1 : the yellow area corresponds to the set of parameters where an individual is on the matched section of the budget constraint with    50; the orange area is the parameter set where   = 50; the brown area is the parameter set where 0     50. Notes: All figures refer to the mail out recipients in each treatment excluding non-German residents, corporate donors, formally titled donors, and recipients to whom no gender can be assigned. The t-tests of equality are based on an OLS regression allowing for robust standard errors. All monetary amounts are measured in Euros. In Columns 3 to 6 the "last twelve months" refers to the year prior to the mail out from June 2005 to June 2006. In Column 9, we report the p-value on an F-test of the joint significance of these characteristics of a regression on the treatment dummy, where the omitted treatment category is the control group. Table shows the fit of our baseline model with a continuous choice set (Columns 2 and 5) and a discrete choice set (Columns 4 and 6) using the maximum likelihood parameter estimates from Table A1 and the sample distribution of covariates. Columns 1 to 3 report the empirical and predicted response rate (in percentage points); Columns 4 to 6 report empirical and predicted conditional average donation given (in Euros). Standard errors are in parentheses and are calculated by sampling 500 times from the distribution of parameter estimates. *,**,*** indicate that the empirical moment is statistically different from that predicted by the model at the 10, 5, and 1 percent level respectively. Sample  T1-T6  T1-T4 T1-T4 T1-T4 T1-T4 T1-T6 T1-T5 T1-T6 Sample  T1-T6  T1-T4 T1-T4 T1-T4 T1-T4 T1-T5 T1-T6 T1 with the underlying choice model estimated using maximum likelihood and using data from treatments as indicated in the "Sample" row. Pure warm glow indicates the presence of individuals whose utility depends upon the value of the donation given as described in Section 4.4.1. Flexible curvature allows the curvature of the donation given/received to vary as described in Section 4.4.3. Focal points indicate the incorporation of focal points in the choice decision as described in Section 4.4.2. Focal points T5 indicates that the focal parameter at d g =50 is allowed to change for individuals in the T5 treatment. Focal points T6 indicates that the focal parameter at d g =20 is allowed to change for individuals in the T6 treatment. *,**,*** indicate that the empirical moment is statistically different from that predicted by the model at the 10, 5, and 1 percent level respectively.
Empirical (1)
Focal Points T5
Focal Points T6 Notes: Figure 2 shows the estimated quantile regression effect at each quantile of the conditional distribution of the log of donations received, and the associated 95% confidence interval. The figure also shows the coefficient on the treatment dummy variable from an OLS regression. The individual characteristics controlled for are whether the recipient is female, the number of ticket orders placed in the 12 months prior to mail out, the average price of these tickets, whether the recipient is a Munich resident, and a dummy variable for whether the year of the last ticket purchase was 2006 or not. 
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